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ABSTRACT

Cloud video transcoding is widely deployed in video-as-a-
service pipelines, yet practitioners lack statistically grounded
guidance for selecting and scheduling EC2 instance types un-
der real cost constraints. Conventional wisdom recommends
compute-optimized instances for encoding workloads, but
this ignores provisioning dynamics that can dominate wall-
clock time and expenditure. Existing benchmarks compare
instance families without controlling for provisioning latency
or scaling strategy, leaving the true cost driver unidentified.
We address this gap through a large-scale controlled exper-
iment spanning more than 5,700 trials across 15 instance
types, three codecs (H.264, H.265, VP9), and three scaling
strategies, with 30 repetitions per configuration and 95%
confidence intervals throughout. Our methodology decouples
provisioning from encoding time and evaluates custom-AMI
pre-warming, horizontal scaling, and chunk-size sensitivity
across resolutions. We show that provisioning latency, not
CPU encoding, is the dominant cost factor: naive horizontal
scaling lets provisioning consume up to 93.3% of wall-clock
time, whereas a pre-warmed 10-node t3.micro cluster outper-
forms a single m5.4xlarge by 1.28x at 89.4% lower compute
cost. These findings are translated into concrete, statisti-
cally grounded guidelines for sizing and scheduling cloud
transcoding clusters.

KEYWORDS

Cloud Computing; Video-as-a-Service; Cost Optimization;
Video Transcoding; Horizontal Scaling; Provisioning Over-
head; Elasticity; ARM Graviton

1 INTRODUCTION

Video transcoding is one of the most CPU-hungry tasks in
media delivery, and cloud platforms are where most of it
runs today. For Video-as-a-Service (VaaS) operators, the
EC2 instance family they choose has a direct impact on
margins [16, 18]. The usual advice is to reach for compute-
optimized instances [6] when encoding is the bottleneck, on
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the assumption that faster hardware means lower cost per
job. In practice, the picture is more complex: under the burst
conditions and codecs evaluated, burstable instances proved
up to 29x more cost-efficient despite being slower in absolute
terms. Yet this advantage diminishes at scale, not because of
a hardware ceiling but because of a systems-level constraint:
provisioning overhead, the “cold start” delay that precedes
any encoding.

Previous studies have tackled cloud benchmarking [16],
HPC workloads on cloud infrastructure [9], and multi-cloud
scheduling [14], yet cost optimization across different instance
families for media workloads remain underexplored. Com-
paring burstable, general-purpose, and compute-optimized
tiers is tricky in its own right: burstable instances bring CPU
credit mechanics and different pricing floors that existing
benchmarks have not measured under realistic video encoding
loads. We focus on H.264, H.265, and VP9, the three codecs
that still dominate commercial pipelines; newer standards
like VVC remain outside most production deployments owing
to limited hardware acceleration and unresolved licensing on
current EC2 generations.

We test AWS T, M, and C instance families, covering both
x86 and ARM Graviton architectures, under three scaling
strategies (serial, horizontal, vertical). Four questions drive
the work:

RQ1. How do cost-performance profiles differ across in-
stances families, CPU architectures, and codecs (H.264,
H.265, VP9)?

RQ2. How does provisioning overhead constrain parallel
encoding efficiency, and what fraction of total execution
time does it represent?

RQ3. Can provisioning optimizations, specifically pre-
built AMIs, make small-instance clusters competitive
with or superior to vertical scaling, in both time and
cost?

RQ4. How do regional pricing disparities and network
egress costs define the economic floor of optimized
VaaS deployments?

In summary, provisioning latency, rather than compute
capacity, is the primary factor limiting horizontal scaling of
short-lived transcoding jobs: in unoptimized deployments it
accounted for 57.3%-93.3% of total wall-clock time across
T-family configurations. A workload-optimized AMI reverses
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the economics: a 10-node t3.micro cluster outperforms a
single m5.4xlarge by 1.28x at 89.4% lower compute cost
(62% after CPU credit surcharges), a speedup also observed
intra-family (10x m5.large vs. m5.4xlarge), which rules out
cross-family comparison artifacts. A chunk-size sweep and
an egress cost model complete the analysis: once compute is
optimized, data transfer becomes the dominant cost.

2 RELATED WORKS

The literature on cloud resource optimization for media work-
loads falls into two main strands: (i) generic cloud infrastruc-
ture benchmarking and provisioning, and (ii) work focused
specifically on video encoding. Neither directly addresses the
question examined here: the interaction between instance-
family selection and provisioning strategy for repetitive, di-
visible encoding jobs. Infrastructure-oriented work tends to
model workloads as monolithic tasks, whereas video-encoding
studies mostly optimize throughput per monetary unit; for
short-lived, horizontally distributed video chunks, provision-
ing latency becomes a hidden constant that both communities
have largely overlooked.

On the infrastructure side, researchers have benchmarked
cloud instances across workload classes [16], compared cloud
and supercomputer execution for HPC [9], built cost-driven
provisioning for scientific computing [1], and studied resource
management [13] and thread scalability [17]. None measure
the environment provisioning overhead that hurts horizontally
scaled, chunk-based VaaS deployments.

On the encoding side, Moina-Rivera et al. [19] survey cloud
and edge transcoding architectures, and Katsenou et al. [15]
look at energy-codec trade-offs on embedded devices. Within
the WebMedia community, recent encoding work targets
codec-level optimizations such as fast intra-frame predic-
tion heuristics for VVC and 360° video [7, 24]; we instead
keep the encoder fixed and address the cloud provisioning
layer around it. Jiang et al. [14] propose a multi-cloud cost-
aware scheduler for big-data pipelines, but says little about
video-specific workload properties. The closest predecessor
to our parallelism approach is ExCamera [12] (Fouladi et
al.), which reached 60-300x speedups through fine-grained
serverless (AWS Lambda) parallelism. We adopt the chunked-
parallelism concept but pose a different question: what is the
actual cost of ephemeral compute on EC2, where VM and
environment provisioning introduce bottlenecks absent in
serverless models, and where naive parallelism can in fact de-
grade performance. AWS Elemental MediaConvert [3] avoids
provisioning overhead entirely as a managed service, but its
opaque pricing tiers preclude any instance-level control over
margins.

Spot instance pricing [8, 27] can cut costs beyond what we
report, but preemption risk makes it hard to guarantee the
deterministic latency that VaaS SLAs require, so we leave that
comparison for future work. Cloud performance variability
is well-documented [2, 25]; this is why we ran 30 trials per
configuration. Our chunked workload decomposition builds on
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ideas from the fog-cloud [21] and distributed scheduling [26]
literature.

3 EXPERIMENTAL METHODOLOGY

The study has four phases, each feeding into the next. Phase 1
characterizes the hardware environment; Phase 2 benchmarks
raw encoding performance across the instance space; Phase 3
evaluates scaling strategies under realistic pipeline condi-
tions; and Phase 4 quantifies how chunk duration and egress
costs affect overall cost. All experiments were conducted on
AWS in us-east-1 (N. Virginia); selected configurations were
replicated in sa-east-1 (Sdo Paulo) to assess regional price
effects.

3.1 Phase 1: Validation of Processor
Homogeneity

AWS does not guarantee that every instance of a given type
runs on the same processor model. To measure this variability
before running benchmarks, we launched 100 instances of
each configuration (T, M, C families) across all six availability
zones (a—f) in us-east-1, each running Ubuntu 22.04 LTS,
and read /proc/cpuinfo on every one.

The results confirmed real heterogeneity, in line with prior
cloud studies [10, 22, 23]: t3.micro in zone a was 98%
Xeon 8259CL / 2% Xeon 8175M; m5.1large in zone ¢ split
60%/40% between 8259CL and 8175M; c5.large in zone b
split 74%/26% between 8275CL and 8124M. ARM Graviton
instances (t4g, m7g, c7g) were fully homogeneous (100%).

To keep the CPU model from confounding Phase 3 results,
our provisioning scripts check /proc/cpuinfo as soon as
SSH is up; if the instance landed on the wrong processor,
it is terminated and relaunched until the target model is
confirmed, so all 30 runs per configuration ended up on the
same CPU model. Phase 3 ARM experiments use Graviton 3
only (m7g.large, c7g.large); we validated t4g (Graviton 2)
but excluded it from scaling tests because its credit mechanics
would confound the comparison.

3.2 Phase 2: Initial Performance Benchmarks

Phase 2 measures raw encoding performance across all 15
instance types with a containerized FFmpeg environment
(H.264/AVC, H.265/HEVC, VP9).

The workload is a 320 x 240 (240p) test sequence with
mixed motion. We chose this resolution deliberately: it keeps
the bottleneck in the CPU and codec thread scheduler rather
than in I/O or memory bandwidth, isolating instance-level
compute differences that would get masked at 1080p or 4K
by memory and disk pressure on smaller instances. Segments
are 30 seconds long: sufficient for process initialization to
be negligible relative to encoding time, yet short enough to
permit 30 replications per configuration within a tractable
total experiment time.

Each condition ran 30 times. Encoding used ffmpeg -i
input.mp4 -c:v <codec> -preset slow -b:v 2M -threads
<n> output.mp4. The <codec> parameter evaluated 1ibx264,
1ibx265, and 1libvpx-vp9; <n> was tested at 1, 3, 5, and 10
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threads for all instances, plus 16 threads for m5.4xlarge and
c5.4xlarge (the only 16-vCPU configurations). Encoding
duration was recorded and cost calculated from instance
pricing.

3.3 Phase 3: Horizontal vs. Vertical Scaling
Analysis

Phase 3 builds on the instance ranking from Phase 2 to
address a practical pipeline question: for a 10-minute video,
is horizontal scaling (ten parallel small instances) preferable
to vertical scaling (one large instance)? A 10-minute duration
is long enough to require chunked parallel processing yet
short enough to permit repeated end-to-end trials.

‘We compare three configurations across all T, M, and C
families (x86 and ARM): horizontal (10x small instance),
vertical (single large instance), and serial (1x small instance,
full video).

The scaling investigation has two sub-phases. Phase 3.1
(Dynamic Provisioning) uses stock Ubuntu images with post-
boot FFmpeg installation, the unoptimized baseline. Phase 3.2
(Optimized Provisioning) uses a pre-configured custom AMI
with FFmpeg already installed, measuring the best case once
runtime setup costs are gone. Both phases record end-to-end
wall-clock time and total cost.

3.4 Phase 3 Extended Evaluation: ARM
Graviton and Regional Pricing

We extended Phase 3 in two directions to test how well the
findings generalize. First, two ARM Graviton 3 instances
(m7g.large and c7g.large) were run alongside their x86
counterparts under the same horizontal and serial strategies,
adding H.265 (1ibx265) and VP9 (1ibvpx-vp9) to probe
codec-architecture interactions, with the same n = 30 proto-
col and terminate-and-retry CPU verification from Phase 1.
Second, the horizontal H.264 evaluation was replicated in
sa-east-1 (S@o Paulo) for three representative instances
(t3.micro, mb.large, cb.large) to assess how regional pric-
ing changes the cost-performance picture.

3.5 Phase 4: Chunk Size Sensitivity and Cost
Analysis

Phase 4 adds two analyses on top of the scaling results. First,
a chunk size sensitivity analysis looks at how the segment
duration c affects total wall-clock time T'c for a video of length
L encoded across N = [Lc]| parallel instances, decomposed
in Eq. 2. We tested three chunk durations: 30s (N = 20),
60s (N = 10), and 120s (N = 5). Second, a network cost
model captures the economic impact of data egress. Total
pipeline cost Ciotar splits into compute provisioning cost
Ceomp = f\il Rinst x T; and outbound transfer cost Cret =
Regress X Dout, formalized in Eq. 3 and validated against
empirical measurements in Section 4.5.

All execution times were recorded at millisecond resolution.
Each configuration was repeated n = 30 times in both Phase 2
and Phase 3. With n = 30, the Central Limit Theorem
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gives us a near-normal sampling distribution of the mean,
so Welch’s t-test is appropriate even when the raw data
are not perfectly normal. We report descriptive statistics
and 95% confidence intervals (Student’s ¢t-distribution) for
every configuration. Statistical tests include Shapiro-Wilk for
normality, Levene’s for variance homogeneity, and Welch’s
t-tests for group comparisons.

4 EXPERIMENTAL RESULTS AND
ANALYSIS

Results follow the four-phase structure laid out in Section 3.

4.1 Phase 1 Results: Processor Homogeneity
Validation

Phase 1 (Section 3.1) confirmed real processor heterogeneity,
in line with prior cloud benchmarking [22, 23]: T-family
requests were effectively homogeneous, while M and C families
split between two processor models, enough to confound
latency comparisons. The terminate-and-relaunch protocol
pinned every Phase 3 run to the dominant model of its family
(8259CL for M-type, 8275CL for C-type).

4.2 Phase 2 Results: Initial Performance
Benchmarks

Phase 2 benchmarks H.264, H.265, and VP9 across all 15 in-
stance types at multiple thread counts, giving us the baseline
cost-performance map that drives Phase 3 scaling decisions.
Each configuration ran 30 times on isolated 30-second seg-
ments; we report compression time (seconds), efficiency, and
total cost (Eq. 1).

4.2.1 Efficiency and Cost Calculation. These two metrics are
inverses of each other, per Eq. 1:

costh 1

Total t = ti Effici =
otal Cos 3600 X times, clency = -

where costh is the hourly instance price from Table 1 and
times is the measured encoding duration. All instance prices
were retrieved in March 2026 via the AWS Pricing API.

4.2.2 Key Insights from Benchmark Data. Table 2 presents
descriptive statistics for a representative subset of instances
(the complete per-instance, per-thread table is in the artifact);
it directly addresses RQ1 and reveals three patterns.

Cost-efficiency vs. raw speed. The c5.4xlarge is the fastest
single instance (H.264, 10 threads: 1.1355s), yet the t3.micro
is substantially more cost-efficient: $0.0000074 per opera-
tion vs. $0.0002145, a 29x difference (efficiency 134,700 vs.
4,662, both at 10 threads, consistent with Table 2). Compute-
optimized capacity buys speed rather than cost-efficiency.

Family hierarchy. The T-family leads in cost-efficiency
across every codec and thread combination; the C-family leads
in raw throughput at proportionally higher per-operation cost;
the M-family lies in between.
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Table 1: Experimental instance configurations and on-demand
pricing (Linux, shared tenancy).

Instance vCPU RAM (GB) $/hr us-east-1 $/hr sa-east-1
Burstable (T-family)

t2.micro 1 1 0.0116 0.0186
t3.micro 2 1 0.0104 0.0168
t3.small 2 2 0.0208 0.0336
t3.medium 2 4 0.0416 0.0672
t3.large 2 8 0.0832 0.1344
t3.xlarge 4 16 0.1664 0.2688
t3.2xlarge 8 32 0.3328 0.5376
General Purpose (M5-family, z86)

mb.large 2 8 0.0960 0.1530
mb.xlarge 4 16 0.1920 0.3060
mb.2xlarge 8 32 0.3840 0.6120
mb.4xlarge 16 64 0.7680 1.2240
Compute Optimized (C5-family, z86)

ch.large 2 4 0.0850 0.1310
ch.xlarge 4 8 0.1700 0.2620
cb.2xlarge 8 16 0.3400 0.5240
ch.4xlarge 16 32 0.6800 1.0480
ARM Graviton8 (M7g/C7g-family, aarch64)

m7g.large 2 8 0.0816 0.1301
c7g.large 2 4 0.0725 0.1111

Table 2: Descriptive statistics at 10 threads for a representative
subset of instances.

H.264 H.265 VP9
Instance Med. Eff. Med. Eff. Med. Eff.
t2.micro 2.7602 112,434 4.8712 63,710 14.8775 20,860
t3.micro 2.5698 134,700 4.2868 80,749 17.4516 19,835
t3.2xlarge  1.5352 7,046 1.8224 5936 17.2736 626
mb.large 24795 15,124 4.1685 8,996 17.1800 2,182
mb.4xlarge 1.3023 3,599 1.7620 2,660 16.8900 277
ch.large 2.1869 19,366 3.6379 11,642 15.0300 2,818
ch.4xlarge  1.1355 4,662 1.5050 3,517 14.5000 365

Thread scaling. All families exhibit diminishing returns
beyond the instance’s vCPU count, consistent with thread-
oversubscription effects [16]: immediately on the single-vCPU

t2.micro, only past the thread limit on the 16-vCPU c5.4xlarge.

4.2.3 Statistical Analysis. Shapiro-Wilk and Levene’s tests
flagged non-normality (p < .05 for M-family distributions)
and unequal variances. That said, the coefficient of variation
stayed low for most Phase 2 configurations, so the departures
from normality are negligible in practice.

The compute-optimized c5.large was 11.8% faster than
m5.large (10 threads, H.264; p < .001), consistent with its
higher clock and cache architecture, while t3.micro was
18.9% slower than c5.large (1 thread, H.264) but ~6.9x
more cost-efficient (p < .001). Because measurement variance
is near-deterministic in containerized FFmpeg (CV < 0.6%),
we report practical significance through the absolute and
percentage differences with 95% Cls rather than a standard-
ized effect size, which the tiny denominator would inflate to
uninformative magnitudes.
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4.2.4 Visual Analysis of Results. Figure 1 plots median com-
pression time at 10 threads for the representative x86 in-
stances of Table 2, grouped by codec and colored by family.
We report the median (consistent with Table 2) because
it resists the occasional outlier and better captures central
tendency under skew.

The pattern of diminishing returns in thread scaling is
evident: the transition from 1 to 3 threads yields near-linear
speedups on smaller instances (e.g., the t3.micro), but gains
level off at 5 threads. Beyond that point, behavior is codec-
dependent: H.264 keeps scaling through 16 threads on larger
configurations (~34-38% faster than at 10 threads), sustained
by 1ibx264’s intra-frame thread partitioning, whereas VP9
regresses significantly past 10 threads (=39-47% slower at 16
threads). Both effects arise from thread oversubscription: once
software threads exceed the physical cores, synchronization
overhead offsets the gains from added parallelism.

4.3 Phase 3 Results: Horizontal vs. Vertical
Scaling Analysis

Phase 2 showed t3.micro is the most cost-efficient configu-
ration for H.264 encoding in isolation; Phase 3 tests whether
that efficiency holds when a 10-minute video is encoded
end-to-end, horizontally (10-node cluster) versus vertically
(single large instance). The scope differs: Phase 2 measured
raw encoding time on isolated 30-second segments (median
~2.5s on t3.micro), whereas Phase 3 measures full pipeline
wall-clock time—provisioning, file transfer, encoding, and
output retrieval—so its higher numbers (=73s per cluster
run) include ~48s of provisioning overhead that Phase 2
never sees.

We use H.264 across all x86 families as the primary scaling
benchmark to separate provisioning dynamics from codec-
specific noise (Table 3); H.265 and VP9 come in for the ARM
Graviton comparisons. For x86, each 10-node cluster (10x
the smallest instance in a family) goes up against the largest
single instance in that family: t3.2xlarge, m5.4xlarge, and
c6.4xlarge. The nearest cost-equivalent vertical baseline
for the t3.micro cluster ($0.104/h) would be t3.xlarge
($0.1664/h); we deliberately compare against the biggest
nodes (up to $0.768/h) instead, to test whether small-instance
clusters can outperform, not just match, the highest-throughput
option in each tier.

4.3.1 Two-Phase Analysis Results. Phase 3.1 used stock Ubuntu
images with post-boot FFmpeg installation as an explicit
worst-case baseline for RQ2—mnot a recommended practice,
but the reference point that isolates provisioning cost. Post-
boot dependency installation is a known anti-pattern; pre-
warming compute to hide this latency is established prac-
tice, from EC2 Auto Scaling warm pools [5] to container
reuse [11] and the cold-start mitigations studied in server-
less video pipelines [12]. Our aim is therefore not to propose
pre-warming but to quantify, rigorously and across instance
families, how much of the cost picture it governs. Against
this baseline, setup time consumed 57.3-93.3% of total wall-
clock time, depending on configuration. Even so, vertical
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Figure 1: Median compression time at 10 threads (n = 30) across representative x86 instances for (a) H.264, (b) H.265, and

(c) VP9.

scaling (t3.2xlarge, 3.04 min) edged out the horizontal clus-
ter (t3.microx10, 3.28 min) by 7.3%, while the horizontal
cluster won on cost: $0.00569 versus $0.01686, a 66.3% re-
duction despite being slower. Provisioning overhead is the
binding factor, and quantifying its removal is what Phase 3.2
does.

Phase 3.2 replaced runtime dependency installation with
pre-configured AMIs, targeting RQ3, and the improvement
was immediate: the optimized t3.micro cluster completed in
1.22 min, 1.48% faster than the vertical t3.2xlarge (1.80 min);
the M-family horizontal cluster reached 1.22min (1.28x over
the m5.4xlarge) and the C-family 1.18 min (1.26x over the
c5.4xlarge), against a serial t3.micro baseline of 2.72 min.
In every family, the horizontal cluster was both faster and
cheaper than the largest vertical instance once provisioning
overhead was eliminated.

4.3.2 Analysis and Validation. Throughout, Setup Overhead
(used interchangeably with provisioning latency) is the time
from the EC2 run_instances API call until the SSH daemon
responds; in parallel configurations, encoding time also covers
SEFTP segment upload and output retrieval. All experimental
artifacts are at https://github.com/breno-sh/webmedia2026-
transcoding-artifact.

Table 3 reports the full timing and cost data for both
phases; Figure 2 shows how the gap between horizontal and
vertical scaling closes once AMI optimization removes the
provisioning bottleneck.

Within-family cost savings are modest in absolute terms
(M-family horizontal saved 2.3%, C-family 1.0%): per-hour
rates for smaller instances scale roughly proportionally to the
larger ones, so the main within-family payoff of horizontal
scaling is throughput, not cost.

The cost advantage is most pronounced in cross-family
comparisons. Each t3.micro node processes its 60-second
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chunk in a single burst well within the credit window, deliv-
ering 100% vCPU throughput during encoding. Under these
conditions, the t3.micro cluster ($0.00211) costs 89.4% less
than the m5.4xlarge ($0.01997) and 87.5% less than the
c5.4xlarge ($0.01689), while completing faster than both.
Dynamic Phase 3.1 data for 10xm5.large are excluded
from Table 3: all 30 runs encountered a systematic FFmpeg
muxer overflow (“too many packets buffered”) on segments
1 and 4, caused by a known bug in the FFmpeg version
from the Ubuntu 20.04 apt repository; no complete encoding
succeeded. The bug does not appear in Phase 3.2, whose
pre-built AMI ships a patched FFmpeg, a further sign that
AMI optimization matters beyond raw provisioning speed.

4.3.3 Methodological and Statistical Validation. Welch’s t-
tests confirm the Phase 3 speedups are real, not variance
artifacts: p < 10723 for T-family horizontal vs. vertical, and
p < 10™** for both M-family and C-family. ARM Graviton en-
coding variance is low once transfer artifacts are factored out:
all reconstructed configurations in Table 4 achieve CV<10%,
with provisioning itself measured at CV= 1.9% (n = 100),
more stable than x86 (CV=4.4%).

The intra-family comparisons (10xXm5.large vs. m5.4xlarge
and 10xc5.large vs. c5.4xlarge) are the cleanest test of the
horizontal scaling hypothesis. Both sides are in the same in-
stance family and billing tier, which removes confounds from
CPU credit mechanics, cross-family pricing gaps, and hetero-
geneous workload behavior. The 1.28x and 1.26x speedups
in M and C families confirm that, under the workload and
provisioning conditions evaluated here, the horizontal-scaling
advantage is architectural rather than specific to burstable
instances or an artifact of comparing burstable against non-
burstable tiers.
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Table 3: Scaling strategies across optimization phases (Dynamic Ubuntu vs. Optimized pre-built AMI). Speedup is relative to the
serial baseline of each family and provisioning phase (serial rows are 1.00x by definition); Costx is total cost relative to the serial

AMI baseline. ARM results are reported in Table 4.

Instance Prov. Time (min) Cost (USD) Speedup CostXx
Burstable (T)

t3.micro Dynamic 4.03 £0.12 $0.00070 1.00x 1.0x
t3.micro Optimized 2.72 £ 0.08 $0.00047 1.00x 1.0x
10Xxt3.micro  Dynamic 3.28 £ 0.10 $0.00569 1.23x 8.1x
10xt3.micro  Optimized 1.22 + 0.04 $0.00211 2.23% 4.5%
t3.2xlarge Dynamic 3.04 £ 0.09 $0.01686 1.33%x 24.1x
t3.2xlarge Optimized 1.80 4+ 0.05 $0.00998 1.51x% 21.2%
General Purpose (M)

mb.large Dynamic 3.46 £ 0.10 $0.00554 1.00x 1.0x
mb.large Optimized 2.71 £ 0.08 $0.00434 1.00%x 1.0x
10xmb.large  Optimized 1.22 £ 0.04 $0.01952 2.22% 4.5%
mb.4xlarge Dynamic 2.33 £ 0.07 $0.02982 1.48% 5.4%
mb.4xlarge Optimized 1.56 £ 0.05 $0.01997 1.74% 4.6
Compute Optimized (C)

c5.large Dynamic 3.21 +£0.10 $0.00455 1.00x 1.0x
ch.large Optimized 2.46 £+ 0.07 $0.00349 1.00%x 1.0x
10xc5.large Dynamic 3.562 £ 0.11 $0.04987 0.91x 11.0x
10xcb.large Optimized 1.18 4+ 0.04 $0.01672 2.08% 4.8%
ch.4xlarge Dynamic 2.13 £ 0.06 $0.02414 1.51x 5.3%
c5.4xlarge Optimized 1.49 + 0.04 $0.01689 1.65 % 4.8%

I Time - Dynamic (Phase 3.1) 3 Time - Optimized AMI (Phase 3.2) ¢ Cost - Dynamic e Cost - Optimized
(a) Burstable (T) (b) General Purpose (M) (c) Compute Optimized (C)
r0.06 r0.06 F0.06
41 41 4
—_ r0.05 r0.05 r0.05
£
S a
231 F0.04 31 Fo.04 3 0.04 0
>
£ =z
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~ 0.03 F0.03 F0.03 o
g 2 21 2 o
e 3
= r0.02 ° r0.02 r0.02 e
I} o
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Serial Horizontal Vertical
t3.micro10xt3.micra3.2xlarge

Serial Horizontal

mb5.largel0xmb5.largm5.4xlarge
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Serial
c5.large 10xc5.large5.4xlarge

Figure 2: Performance and cost scaling across (a) T, (b) M, and (c) C instance families under Dynamic (Phase 3.1) and Optimized-
AMI (Phase 3.2) provisioning. Bars denote wall-clock time (95% CI, n = 30); markers denote total cost.

4.4 Architecture, Codec, and Regional Impact

Analysis

The ARM Graviton and regional-pricing extensions of Phase 3

test whether the x86 findings transfer to a different I
whether they hold outside us-east-1.

SA and

ARM Graviton Performance (Codecs). Running the c7g.large

and m7g.large instances alongside their x86 counterparts
revealed notable interactions between architecture and codec.
Table 4 reports reconstructed times (encoding plus the me-
dian provisioning latency of 20.5s, CV= 1.9%, from an in-
dependent n = 100 characterization, factoring out SFTP
transfer artifacts). For H.264, m7g.large horizontal scaling
gave a 1.72x speedup over serial (33.55s vs. 57.555s), while
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c7g.large showed no horizontal benefit at all (107.68 s hori-
zontal ~ 107.41s serial). For H.265 the relationship was re-
versed: c7g.large horizontal clusters (61.03s) substantially
outperformed the m7g.large (182.01s), a 2.98x difference be-
tween two ARM instance types. A comparison of ARM H.265
against x86 H.264 would be misleading, since the codecs differ
in computational complexity.

The high H.265 serial times (=700s on both instances) re-
flect the computational intensity of 1ibx265 -preset slow
on ARM: current 1ibx265 builds lack the SIMD optimiza-
tion depth available on x86 [20]; the same 10-minute H.265
encoding on x86 (c5.large serial) finishes in &~72s, an order
of magnitude faster.

Two H.265 serial rows in Table 4 use an adjusted n: isolated
container orchestration anomalies caused complete pipeline



You Get What You Pay For—Except You Don't

stalls in a handful of runs, producing extreme outliers (>5
standard deviations from the mean), which we excluded
(n =26 for m7g.large, n =29 for c7g.large). The resulting
m7g.large H.265 serial distribution is unimodal with low
variance (median 700.51s, stdev 4.10s).

Statistical Validation: Welch’s t-test found no significant
difference between m7g.large and c7g.large for H.265 hor-
izontal encoding (p > .05), with moderate variability (CV
4.5-6.2%) in H.265 horizontal runs; a Mann-Whitney U test
agreed (p > .05). Welch’s t-test did confirm the H.264 in-
version on m7g.large at high confidence (p < 107'?): this
is not noise but a structural effect of provisioning overhead
dominating encoding time at this chunk granularity.

Regional Cost Disparities. Running the same experiments
in sa-east-1 (Sdo Paulo) revealed a 54—62% price premium
over us-east-1, varying by family (T: +61.5%, M: +59.4%, C:
+54.1%). Applying that premium to the optimized 10-node
H.264 clusters of Table 3 (us-east-1: $0.00211, $0.01952,
$0.01672 for t3.micro, m5.large, c5.large) yields sa-east-1
costs of $0.00341, $0.03112, and $0.02576, respectively—a
1.5-1.6x increase. Wall-clock times stayed the same across re-
gions: compute performance is hardware-bound, and the cost
difference is purely a pricing artifact. Beyond cost, regional
placement also affects user-facing quality-of-experience met-
rics such as delivery latency and time-to-first-frame, which
our infrastructure-side measurements do not capture; quanti-
fying that trade-off is left for future work.

4.5 Phase 4 Results: Chunk Size Sensitivity and
Cost Analysis

Phase 4 adds two analyses that address RQ4: an empirical
study of chunk duration sensitivity and a cost model for
network egress.

Chunk Size Sensitivity. For a video of length L processed
across N = [Lc] parallel instances, total wall-clock time
depends on the chunk duration ¢ in a non-monotone way:

(2)

Shorter chunks mean more instances (N goes up), which
widens the expected maximum provisioning time, the syn-
chronization barrier at the end of the parallel phase; longer
chunks mean fewer workers and less parallelism, making en-
coding time the bottleneck. We measured this trade-off on the
10-minute H.264 workload with the Phase 3.2 AMI across all
three x86 families. Total Time in Table 6 is end-to-end wall-
clock; speedup is relative to each family’s vertical baseline
from Table 3.

For 240p content, 60-second chunks were optimal across
the board: 30-second chunks hurt performance because 20
provisioning sequences widen the long-tail outlier; 120-second
chunks left only 5 workers, not enough parallelism.

Tc=tseg max (tpmv,i) lencC tmerge
1<i<N

Resolution Dependence. To check whether this optimum
holds beyond low-resolution workloads, we replicated the M-
family H.264 chunk-sensitivity experiment at 720p and 1080p

532

WebMedia'2026, Lavras/MG, Brazil

on m5.large horizontal clusters (Table 5; boldface marks the
fastest chunk size per resolution). The optimal chunk size
shifts with resolution: at 240p, where per-chunk encoding
(=5s) is dominated by provisioning (/218s), 60-second chunks
balance parallelism against provisioning overhead. At 720p
and 1080p, encoding time grows by 10x and 26X, respec-
tively, so parallelism matters more: 30-second chunks become
optimal because the extra provisioning cost is amortized over
much longer per-chunk encoding. SFTP transfer overhead
also scales with chunk file size, adding 26-199 s per chunk at
higher resolutions; an S3-based pipeline would shrink this,
but was not tested. Because the resolution sweep used a single
trial per configuration, we report these values as indicative
rather than conclusive; repeating the sweep with n =30 and
confidence intervals is left for future work.

The Network Egress Economic Bottleneck. A complete
pipeline cost model must also capture data egress: the total
cost (Ciotal) is the sum of compute provisioning (Ccomp) and
outbound data transfer (Chet):

Chotal = (21:1 Rinst X Tz) (Regress X Dout) (3)

where Rinst is the per-second instance billing rate, T;
is the active billing lifespan of node i,l Regress is the re-
gional outbound internet data transfer rate (e.g., $0.09/GB
in us-east-1, $0.25/GB in sa-east-1), and Doyt is the final
payload size in GB.

Intra-region transfers carry no per-GB charge; outbound
internet egress, however, sets a hard economic floor: delivering
the ~100 MB H.264 output costs ~$0.009 in us-east-1 (24 x
the optimized t3.micro compute cost of $0.00211), which
makes egress the dominant cost once compute is optimized.

Routing delivery through a CDN (S3 + CloudFront) cuts
this by ~10x: CloudFront charges $0.0085/GB vs. $0.09/GB
for direct egress, making CDN delivery cheaper than compute
above ~2 GB/month of output.

5 DISCUSSION AND THREATS TO
VALIDITY

AMI vs. runtime-install overhead. In Phase 3.2 all de-
pendencies are baked into the AMI, so the residual ~48s
overhead is just EC2 launch, EBS attach, boot, and SSH
readiness, whereas Phase 3.1 installs FFmpeg post-boot via
apt; the two phases are not interchangeable baselines.

Burstable CPU credit surcharges. T-family instances run
in Unlimited mode [4], drawing surplus credits from launch;
our ephemeral spawn-encode-terminate pattern never idles
long enough to offset that draw. We bound the effect: at
a realistic ~22s of full-CPU encoding the per-cluster sur-
charge is ~$0.0055 (cluster cost ~$0.0076, still 62% below
m5.4xlarge); in the worst case (100% CPU for the full 73s)
it reaches ~$0.0183 and erases the advantage.

LAWS bills a 60-second minimum per instance; all observed T; exceed
it.
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Table 4: Descriptive statistics (compression time, efficiency, and total cost) for the ARM Graviton configurations.

H.264 H.265 (libx265) VP9 (libvpx-vp9)
Instance  Strategy =~ Median  Std CV(%) Median  Std CV(%) Median Std CV(%)
m7g.large serial 57.55  0.61 1.1 700.51t  4.10 0.6 329.03 1.41 0.4
m7g.large horizontal 33.55 3.04 8.8 182.01 11.39 6.2 63.10 2.53 4.0
c7g.large  serial 107.41 1.79 1.7 702.15t 1.36 0.2 328.75 1.60 0.5
c7g.large  horizontal 107.68 18.34 17.0 61.03 2.76 4.5 63.27 6.02 9.3

TH.265 serial rows use reduced n (n = 26 for m7g.large, n = 29 for c7g.large) after outlier removal; all others n = 30.

Table 5: Chunk-size sensitivity across resolutions.

Resolution Chunk Total (min) Avg Encode (s) Avg Upload (s)
240p (320 x 240)
30s 1.63 ~5 <1
60s 1.22 ~ <1
120s 2.10 ~5 <1
720p (1280 x 720
30s 4.12 50.6 66.2
60s 5.31 95.5 128.6
120s 7.73 199.9 135.1
1080p (1920 x 1080
30s 5.49 129.8 21.9
60s 6.40 219.7 48.6
120s 9.00 371.7 52.0

Table 6: Chunk size sensitivity: wall-clock time and speedup
over vertical baseline.

Family Chunk Strategy
Burstable (T)

Total Time (min) Speedup vs Vertical

30s (20x t3.micro) 1.39 1.30x

60s (10x t3.micro) 1.22 1.48x

120s (5% t3.micro) 2.04 0.88x*
General (M)

30s (20x mb.large) 1.63 0.96x*

60s (10x mb5.large) 1.22 1.28x

120s (5x mb.large) 2.10 0.74x*
Compute (C)

30s (20x cb.large) 1.44 1.03x

60s (10x c5.large) 1.18 1.26x

120s (5% cb.large) 1.98 0.75x*

* Speedup < 1.0x indicates horizontal cluster is slower than vertical.

Alternative baselines. We tested on-demand EC2 with cus-
tom orchestration. AWS-native services (Elemental Media-
Convert [3], Fargate) get near-zero provisioning overhead by
design; spot instances [8, 27] are cheaper but carry preemp-
tion risk. Both comparisons are left for future work.

Transfer overhead. We used SFTP to distribute chunks
within a single AZ. Horizontal configurations transfer N
chunks simultaneously from the orchestrating host, while
vertical transfers just one file, so SFTP penalizes horizontal
scaling relative to an S3-based pipeline; the speedup advan-
tages we report are conservative lower bounds.
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Content dependence. Encoding time is content-dependent,
and our per-instance benchmarks use a single mixed-motion
test sequence at 240p. Higher-complexity content would
lengthen the encoding term tencc relative to provisioning,
shifting the crossover chunk size downward, but it does not
change the qualitative finding that provisioning dominates
short divisible jobs. Broader content sets are needed before
the specific chunk optima are treated as general.

Single-provider scope. All experiments ran on AWS EC2,
so the absolute pricing figures reflect one provider’s billing
mechanics and should not be read as cross-cloud constants.
The structural result—that provisioning latency, not CPU
throughput, governs the cost of short-lived horizontally-scaled
transcoding—depends only on the existence of a non-trivial
VM cold start, common to IaaS providers; the numbers,
however, must be re-derived per provider, and a multi-cloud
replication is left for future work.

Scope. ARM homogeneity was validated in us-east-1 only.
All shared-tenancy instances are subject to noisy-neighbor
effects (mitigated by CV< 0.6% and n = 30). Our recom-
mendations hold for the evaluated workloads and conditions;
pricing and hardware generations change, so absolute figures
should be re-validated before production use.

6 CONCLUSION

For short-form video encoding on EC2, the dominant cost
driver is not the CPU, but the latency of waiting for instances
to become ready. For RQ1, cost-performance profiles vary
sharply across families: the T-family leads in cost-efficiency,
the C-family in raw throughput, and VP9 remains the most
expensive codec tested. For RQ2, unoptimized provisioning
overhead consumed 57.3-93.3% of wall-clock time, cancel-
ing the benefit of horizontal scaling. For RQ3, workload-
optimized AMIs reversed this picture: a 10-node t3.micro
cluster outperformed a single m5.4xlarge by 1.28x at 89.4%
lower compute cost, a result that held within instance fami-
lies and extended to ARM Graviton H.265 throughput. For
RQ4, the optimal chunk size proved resolution-dependent
and, once compute was optimized, outbound egress became
the binding constraint. Eliminating provisioning overhead is
therefore the prerequisite for cost-effective horizontal cloud
transcoding; GPU-accelerated instances and spot pricing are
the most promising next steps.
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